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Introduction

High-Grade Gliomas (HGGs) represent one of the most formi-
dable challenges in oncology due to their aggressive nature 
and poor prognosis, with survival rates remaining low despite  
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ABSTRACT
Background: Differentiating Pseudoprogression (PSP) from True Progression (TP) 
in High-Grade Gliomas (HGGs) is challenging. Integrating parameters from advanced 
Magnetic Resonance Imaging (MRI) techniques may improve diagnostic performance. 
Objective: Integrating multiparametric MRI (mp-MRI) with a Multiparametric 
Scoring System (MSS) may improve PSP-TP differentiation.
Material and Methods: In this prospective study, thirty HGG patients with 
post-standard treatment underwent mp-MRI on a 3T system, including Dynamic Sus-
ceptibly Contrast (DSC) MRI, Intravoxel Incoherent Motion (IVIM) MRI, Magnetic 
Resonance Spectroscopy (MRS), and anatomical imaging. Parametric maps were ex-
tracted, registered to anatomical images, and analyzed within a Volume of Interest 
(VOI) on the enhancing lesion in post-contrast T1-weighted images. Mean VOI values 
were compared between PSP and TP groups. Statistical analysis identified significant 
parameters, their Area Under the Curve’s (AUC), and optimal cutoffs, used to assign 
binary scores (0 or 1) and calculate a sum score for each patient. The diagnostic perfor-
mance of the sum score was assessed using Receiver Operating Characteristic (ROC) 
curve analysis against a reference standard determined by follow-up MRI or histopa-
thology when available. 
Results: nCBV, nCBF, and nMTT   from DSC MRI, normalized-D* from IVIM-
MRI, and normalized-Cho/Cr from MRS exhibited significantly higher values in the 
TP group. Normalized-D and -ADC   from IVIM-MRI were significantly elevated 
in the PSP group. The MSS approach, integrating these parameters into a sum score, 
demonstrated high diagnostic performance with 0.958 AUC, 87.5% sensitivity, and 
92.9% specificity for distinguishing PSP from TP.  
Conclusion: Addressing the limitations of single-parameter MRI approaches, the 
MSS method effectively integrates mp-MRI parameters to distinguish PSP from TP in 
HGG patients, enhancing diagnostic performance.
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advancements in treatment. The standard of 
care involves maximal or supramaximal re-
section, followed by radiotherapy and temo-
zolomide chemotherapy. However, accurately 
assessing treatment response remains a major 
challenge, particularly in distinguishing True 
Progression (TP) from Pseudoprogression 
(PSP) [1], which is a transient imaging phe-
nomenon that closely mimics TP on Magnetic 
Resonance Imaging (MRI), complicating clin-
ical decision-making. This diagnostic chal-
lenge is further exacerbated by the temporal 
overlap of PSP and TP imaging features, par-
ticularly in the early months following radio-
therapy and chemotherapy, when treatment-in-
duced inflammatory changes can mimic tumor 
progression, complicating accurate differenti-
ation. During this period, both conditions may 
present with increased contrast enhancement 
and peritumoral edema, increasing the risk of 
misclassification [2, 3].

Given these diagnostic challenges, misdi-
agnosis of PSP or TP can have serious con-
sequences. Mistaking PSP for TP might lead 
to unnecessary treatments, while confusing TP 
for PSP could delay essential care. Therefore, 
accurate diagnosis is crucial for effective treat-
ment and better patient outcomes [4]. While 
conventional MRI sequences remain a corner-
stone of brain tumor imaging, their well-docu-
mented limitations in differentiating PSP from 
TP underscore the need for complementary 
techniques [5].

In clinical practice and research, advanced 
MRI sequences, such as perfusion-weighted 
MRI, diffusion-weighted MRI, and Magnetic 
Resonance Spectroscopy (MRS) have been 
widely used to distinguish PSP from TP in 
high-grade gliomas [2]. Quantitative param-
eters derived from these sequences provide 
valuable insights into tumor characteristics, 
with each technique offering specific advan-
tages [6]. Although some studies have suc-
cessfully used individual MRI parameters to 
differentiate between PSP and TP [7, 8], de-
pending solely on one parameter may fail to 

address the multifaceted and heterogeneous 
behavior of gliomas and their responses to 
treatment [9]. As a result, there is an increas-
ing recognition that a more comprehensive 
approach, capable of integrating multiple MRI 
parameters, may provide a better diagnostic 
framework.

To address these limitations, the use of mul-
tiparametric MRI has gained attention as an 
effective method for distinguishing PSP from 
TP in high-grade gliomas [10]. By combin-
ing several MRI parameters, each derived 
from different advanced sequences, the mul-
tiparametric approach offers a more robust 
and comprehensive assessment of the tumor 
microenvironment. This method provides a 
more complete picture of tumor biology and 
treatment effects, allowing clinicians to ac-
count for the complex interactions between 
various physiological and molecular processes 
that cannot be captured by a single parameter 
alone [9]. Recent studies have demonstrated 
that integrating multiple parameters improves 
diagnostic accuracy, as it reduces the risk of 
misclassification that may arise from relying 
on a single MRI sequence [11].

Building on the advantages of multipara-
metric MRI, the Multiparametric Scoring 
System (MSS), introduced by Matsusue [12], 
provides a simple yet effective approach for 
integrating MRI parameters into a clinically 
applicable score. Unlike methods that rely on 
a single MRI parameter, MSS incorporates 
multiple significant parameters from different 
advanced MRI sequences, allowing for a more 
comprehensive tumor assessment.

Given the critical importance of accurate 
differentiation in optimizing treatment strat-
egies and improving patient outcomes, this 
study aims to evaluate whether combining 
MRI parameters from a multiparametric MRI 
protocol can effectively distinguish PSP from 
TP in high-grade glioma patients and whether 
the MSS method offers improved classifica-
tion accuracy compared to single-parameter 
approaches. 
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In this study, the proposed MSS builds upon 

the approach introduced by Matsusue [10], 
incorporating additional MRI parameters, par-
ticularly Intravoxel Incoherent Motion (IVIM) 
metrics, to evaluate the possibility of enhanced 
diagnostic performance. Moreover, while Mat-
susue’s study included glioma patients across 
all grades, this study focused exclusively on 
patients with HGG to improve cohort homo-
geneity and strengthen the reliability of our 
findings in this specific population.

Material and Methods

Study Population
This single-center and prospective study 

was conducted in accordance with the Dec-
laration of Helsinki and approved by the 
Tehran University of Medical Sciences. The 
study was performed at the Medical Imag-
ing Center, Imam Khomeini Hospital, Tehran, 
between December 2020 and March 2023. 
Patients with histopathologically confirmed 
World Health Organization (WHO) grade III 
or IV high-grade gliomas, who had completed 
standard treatment (surgery, radiotherapy, and 
chemotherapy), were considered for inclusion.

Eligibility criteria required a pre-treatment 
histopathological diagnosis of high-grade 
glioma, completion of the standard treatment 
regimen, and the availability of multiparamet-
ric MRI within six months after completing 
therapy. Follow-up MRI examinations were 
performed at 2- to 4-month intervals, with a 
minimum follow-up of 12 months (range: 12-
18 months) for patients classified based on im-
aging. The PSP was defined as a decrease in 
enhancing lesion size or stability on follow-up 
imaging, while TP was defined as a progres-
sive increase in enhancing lesion size.

A total of 41 patients were enrolled; how-
ever, 11 were excluded due to poor image 
quality (e.g., motion artifacts, n=4), absence 
of enhancing lesions (n=3), or failure to com-
plete follow-up MRI (n=4). Ultimately, 30 pa-
tients (16 females, 14 males; mean age ±SD: 

47±15.58 years) met the inclusion criteria. 
Among these, 22 patients had WHO grade IV 
gliomas, and 8 had WHO grade III gliomas. 
Based on histopathological confirmation in 
five cases and follow-up MRI findings in the 
remaining 25 cases, patients were classified 
into two groups: PSP (n=14) and TP (n=16).

MRI Acquisition
Brain imaging was performed on a 3T scan-

ner (Discovery MR750W; GE Healthcare) 
and included both conventional and advanced 
MRI sequences. Conventional MRI consisted 
of pre- and post-contrast T1-weighted, T2-
weighted, and Fluid-Attenuated Inversion 
Recovery (FLAIR) sequences, with detailed 
settings provided in Table 1. Post-contrast T1-
weighted imaging followed the intravenous 
injection of 0.1 mmol/kg gadolinium (DOTA-
REM; Guerbet, France). Advanced techniques 
included IVIM MRI, Dynamic Susceptibly 
Contrast (DSC) MRI, and MRS.

IVIM MRI was acquired before contrast in-
jection using 11 b-values (0, 20, 40, 60, 80, 
100, 200, 400, 600, 800, and 1000 s/mm²) in 
three orthogonal directions. Eleven b-values 
were selected based on literature recommen-
dations to optimize the estimation of both dif-
fusion and perfusion parameters in IVIM MRI 
[13]. For DSC MRI, a standardized contrast 
protocol was employed, with a dose of 0.1 
mmol/kg gadolinium injected intravenously 
at a rate of 4 ml/sec, beginning at time point 
15 of the perfusion acquisition. The sequence 
included a total of 90 time points, ensuring ad-
equate temporal resolution for perfusion anal-
ysis. The specific sequence settings for IVIM 
MRI and DSC MRI are also shown in Table 1.

MRS was performed after contrast adminis-
tration, following DSC MRI and post-contrast 
T1-weighted sequences. To comprehensively 
assess lesion metabolism, a combination of 
Single-Voxel (SV), 2D-Chemical Shift Imag-
ing (2D-CSI), and 3D-CSI was initially con-
sidered. Although 2D-CSI and 3D-CSI pro-
vide broader tissue coverage, their larger field 
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of view increases susceptibility to magnetic 
field inhomogeneities. In the studied patients, 
post-surgical brain alterations, the proximity 
of enhancing lesions to the skull base, and the 
presence of bone-air interfaces exacerbated 
these effects, resulting in degraded spectral 
quality [14, 15]. Given these limitations, SV-
MRS, which offers greater flexibility in voxel 
placement and is less affected by these con-
founding factors, was selected as the primary 
MRS acquisition method in this study. Voxels 
were carefully positioned within the enhanc-
ing portion of the lesion and in contralateral 
normal-appearing brain tissue, avoiding areas 
prone to magnetic field distortions. Spatially 
localized saturation bands and automatic shim-
ming with water suppression were applied to 
minimize signal contamination from subcuta-
neous lipid and bone. This approach reduced 
interference from surrounding tissues and en-
hanced magnetic field uniformity around the 
target voxel, improving spectral quality.

In this study, MRI sequences were selected 

for their complementary roles in assessing 
tumor characteristics. DSC MRI evaluates 
tumor vascularity and hemodynamics, IVIM 
MRI provides insights into tissue diffusion 
and microvascular perfusion, and MRS as-
sesses metabolic alterations. By combining 
these techniques, this study aimed to capture 
distinct physiological and metabolic features 
to improve differentiation between PSP and 
TP.

MR data Postprocessing
MRI data postprocessing was meticulously 

performed under the supervision of a neuro-
radiologist with over 15 years of experience, 
who was blinded to the final diagnostic results. 
The analysis involved the following steps:

DSC MRI Parametric Map Generation
To ensure accurate perfusion parameter es-

timation, rigorous preprocessing steps were 
applied to the perfusion data before generat-
ing parametric maps (Cerebral Blood Vol-
ume (CBV), Cerebral Blood Flow (CBF), and 

Sequence Plane
TR/TE/TI 

(ms)
FOV 

(mm²)

Slice 
Thickness 
/ Gap (mm)

Flip 
Angle 

(°)
#b-values

#Time 
Points

Other  
Parameters

T2-weighted Axial 5500/100/- 220×220 4.5 / 1 90 - - -
T1-weighted Axial 600/10/- 220×220 4.5 / 1 90 - - -

FLAIR Axial 9000/136/2468 220×220 4.5 / 1 90 - - -

IVIM MRI Axial 3000/90/- 240×240 4.5 / 1 90 11 -

b-values: 0, 20, 
40, 60, 80, 100, 
200, 400, 600, 

800, 1000 s/mm²

DSC MRI Axial 1500/45/- 240×240 5 / 1 60 - 90
Gadolinium- (0.1 
mmol/kg), Injec-
tion Rate: 4 mL/s

SV-MRS
Single 
Voxel

1500/144/- 240×240 - 90 - -
Voxel Size: 

1.7×1.7×1.7 cm3

FLAIR: Fluid-Attenuated Inversion Recovery, IVIM: Intravoxel Incoherent Motion, MRI: Magnetic Resonance Imaging,  
DSC: Dynamic Susceptibility Contrast, SV-MRS: Single Voxel Magnetic Resonance Spectroscopy, TR: Time of Repetition,  
TE: Time of Echo, TI: Time of Inversion, FOV: Field of View

Table 1: MRI acquisition parameters setting for different sequences used in the study, including 
T2-weighted, T1-weighted (pre- and post-contrast), FLAIR, IVIM MRI, DSC MRI, and SV-MRS. 
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Mean Transit Time (MTT)) using NordicICE 
4.2.0 software, as follows: 1) motion correc-
tion: A rigid co-registration method was em-
ployed to mitigate head motion during acqui-
sition, 2) noise filtering: a predefined threshold 
was set to exclude non-brain pixels, 3) tem-
poral smoothing: applied to reduce noise and 
signal spikes in the dynamic response, 3) 
pre-bolus range detection: ensured accurate 
delineation of the pre-contrast phase, and 4) 
initial time point exclusion: early time points 
were removed due to signal instability before  
reaching a steady state.

After preprocessing, the Arterial Input Func-
tion (AIF) was determined using an unsuper-
vised global detection method based on R2* 
relaxation rate curve characteristics. Perfu-
sion parametric maps were then generated us-
ing standard Singular Value Decomposition 
(sSVD) with a fixed regularization parameter 
of 0.2. Given the susceptibility to contrast 
agent leakage in HGG patients, Weisskoff cor-
rection was applied to account for T1- and T2-
shortening effects [16].

Finally, normalization was performed to 
minimize inter-subject variability by utiliz-
ing the mean perfusion values from an auto-
matically generated normal brain tissue mask. 
Leakage-corrected perfusion maps, including 
nCBV, nCBF, and nMTT, were then calculated 
for each patient.

IVIM Parametric Map Generation
IVIM parametric maps were generated using 

the MITK diffusion (2.0.1) by fitting the IVIM 
data to equation 1 [17]:

( ) ( )*( )

0

1  b Db DbS fe f e
S

− ×− ×= + −                        (1)

where Sb is MRI signal intensity at a given  
b-value, S0 is a signal intensity at a b-val-
ue equal to 0, f is the perfusion fraction,  
representing the fraction of the signal attribut-
ed to microcirculation, D* is pseudo-diffusion 
coefficient, representing the perfusion-related 
incoherent microcirculation, and D is true dif-
fusion coefficient, representing the tissue’s 
water molecule diffusion. 

This model employs a two-step fitting pro-
cess to produce IVIM parametric maps. In the 
first step, data points at higher b-values (great-
er than approximately 200 s/mm²) are used 
to estimate the D and the f. These estimated 
values are then held constant while the model 
calculates the D*.

The mono-exponential model was used to 
generate the Apparent Diffusion Coefficient 
(ADC) map. Based on an exponential rela-
tionship between signal intensity and diffu-
sion weighting (b-value), this model estimates 
the ADC of water molecules within tissues. To 
accomplish this, it was fitted to IVIM data ac-
quired at two specific b-values: 0 s/mm² and 
1000 s/mm².

To minimize inter-subject variability in 
IVIM parameters, parametric map values were 
normalized using a Region of Interest (ROI) 
(25–30 mm²) placed in the Normal-Appear-
ing White Matter (NAWM) contralateral to 
the lesion on T2-weighted images. FireVoxel 
software (build 456; https://FireVoxel.org) 
was used to automatically normalize IVIM 
maps by dividing all pixel values by the mean 
NAWM value. 

Spectral Data Analysis
Functool software on a dedicated worksta-

tion was used to post-process the raw SV-
MRS data. This involved baseline correction, 
frequency inversion, and phase shift adjust-
ments. Peak areas for N-Acetyl Aspartate 
(NAA), Choline (Cho), and Creatine (Cr) 
metabolites were determined by fitting Gauss-
ian curves to the corresponding peaks. Ra-
tios of peak heights, including Cho/Cr, Cho/
NAA, Cr/NAA, NAA/Cr, and NAA/Cho, 
were calculated. Finally, normalized metabo-
lite ratios were derived. These ratios represent 
the concentration of each metabolite in the  
enhancing lesion relative to the contralateral 
healthy brain tissue.

Image registration
Anatomical images (Flair, T1-w, T1-w post 

contrast) and parametric maps of IVIM and 
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DSC images were meticulously registered to 
the T2-w images for each patient using the 
ITK-snap 4.2.0 software.

Enhanced lesion segmentation
The subtraction and ROI drawing tools in 

FireVoxel software were used to segment the 
enhanced lesion. By subtracting post-con-
trast and pre-contrast T1-weighted images, 
subtracted T1 images were generated that 
more clearly visualized the enhanced lesion. 
Then a Volume of Interest (VOI) was drawn 
on the enhanced region of the lesion in sub-
tracted images using the ROI drawing tool in 
FireVoxel. Areas with necrosis, hemorrhage, 
or large blood vessels (visible on post-contrast 
T1-weighted or T2-weighted FLAIR images) 
were excluded from the VOI. The VOI was 
then transferred to the registered IVIM and 
DSC MRI parametric maps (Figure 1).

Statistical Analysis
Statistical Analysis was performed using 

SPSS (IBM SPSS Statistics, version 27.0; 
IBM Corporation). The mean pixel value of 
the VOI in IVIM MRI and DSC MRI paramet-
ric maps was calculated using FireVoxel soft-
ware. For MRS data, normalized metabolite 
ratios were computed for each patient. Data 
normality was assessed using the Shapiro-
Wilk test. Group comparisons between PSP 
and TP were conducted using independent 
sample t-tests for normally distributed data 
and Mann-Whitney U-tests for non-normally 
distributed data. A P-value<0.05 was consid-
ered statistically significant.

Optimal cutoff values for each parameter 
were determined using Receiver Operating 
Characteristic (ROC) curve analysis, with the 
Youden index applied to maximize sensitivity 
and specificity. Statistically significant param-
eters distinguishing PSP from TP were inte-
grated into the MSS method. Each parameter 
was assigned a binary score (1=TP, 0=PSP) 
based on its cutoff value. Specifically, a score 

Figure 1: The multiparametric MRI protocol produced both anatomical images and parametric 
maps derived from DSC MRI and IVIM MRI for a representative case. The top row, arranged 
from left to right, displays anatomical images, including (a) T2-weighted, (b) FLAIR, (c) pre-con-
trast T1-weighted, (d) post-contrast T1-weighted, (e) subtracted T1 image, and (f) nCBV map. 
The bottom row, also arranged from left to right, presents DSC MRI and IVIM MRI maps: (g) 
nCBF map, (h) nMTT map, (i) nD map, (j) nADC map, (k) nD* map, and (l) nf map. The red over-
lay highlights the ROI within the enhancing lesion, which was used for quantitative analysis of 
parametric maps. (MRI: Magnetic Resonance Imaging, DSC: Dynamic Susceptibility Contrast, 
IVIM: Intravoxel Incoherent Motion, FLAIR: Fluid-Attenuated Inversion Recovery, nCBV: normal-
ized Cerebral Blood Volume, nCBF: normalized Cerebral Blood Flow, nMTT: normalized Mean 
Transit Time, nD: normalized True Diffusion Coefficient, nADC: normalized Apparent Diffusion 
Coefficient, nD*: normalized Pseudo-Diffusion Coefficient, nf: normalized Perfusion Fraction, 
and ROI: Region of Interest.)
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of 1 was assigned when a parameter exceed-
ed its cutoff, and 0 otherwise. For parameters 
like nADC and nD, which have an inverse 
relationship with classification, the scoring 
was reversed: 1 was assigned if the value was 
below the cutoff, and 0 otherwise. Individual 
scores were summed to generate a sum score 
for each patient.

The normality of the sum score distribution 
was evaluated, followed by an independent 
sample t-test or Mann-Whitney U-test, as ap-
propriate. Finally, the diagnostic performance 
of the MSS method, as well as individual MRI 
parameters, was assessed using ROC curve 
analysis. Evaluation metrics, including AUC, 
sensitivity, specificity, accuracy, Positive Pre-
dictive Value (PPV), and Negative Predictive 
Value (NPV), were calculated..

Results

Comparison of MRI parameters  
between PSP and TP groups

The quantitative analysis identified signifi-
cant differences in multiple perfusions, diffu-
sions, and MRS parameters between the PSP 
and TP groups. In DSC MRI, the TP group ex-
hibited significantly higher mean nCBV and 
nCBF (P-value=0.001 for both), along with 
a significantly increased mean nMTT (P-val-
ue=0.029) compared to the PSP group.

In IVIM MRI, the mean normalized true dif-
fusion coefficient (nD), and normalized Ap-
parent Diffusion Coefficient (nADC) were 
significantly lower in TP (P=0.009 and P-
value=0.026, respectively), while the mean 
normalized pseudo-diffusion coefficient 
(nD*) was significantly higher in TP (P-val-
ue=0.028). The median normalized perfusion 
fraction (nf) was also higher in TP; however, 
this difference did not reach statistical signifi-
cance (P-value=0.64).

For MRS metabolite ratios, five normalized 
ratios, including Cho/Cr, Cho/NAA, Cr/NAA, 
NAA/Cho, and NAA/Cr were calculated for 
all patients. While Cho/NAA and NAA/Cho 

showed trends toward significance (P-val-
ue=0.074 and P-value=0.067, respectively), 
only normalized Cho/Cr exhibited a statisti-
cally significant difference between PSP and 
TP (P-value=0.003). Normalized Cr/NAA and 
NAA/Cr did not show a significant difference 
between PSP and TP groups (P-value=0.9 and 
P-value=0.6, respectively).

Box plots comparing the significantly differ-
ent MRI parameters and the metabolite ratio 
between the two patient groups are presented 
in Figure 2.

Diagnostic Performance of Individ-
ual Parameters

ROC curve analysis was performed to as-
sess the diagnostic performance of each MRI 
parameter, and a significant difference was 
observed between PSP and TP. The sensitiv-
ity, specificity, accuracy, PPV, NPV, and AUC 
values for these parameters are summarized in 
Table 2. ROC curves for these MRI parameters 
and the sum score from MSS are depicted in 
Figure 3. Among the significant MRI param-
eters, the highest AUC values were observed 
for mean nCBF and nCBV, followed by nCho/
Cr and mean nD.

MSS Performance
Statistical analysis revealed that the median 

sum score was significantly higher in the TP 
group (P-value<0.001). ROC analysis of the 
sum score yielded an AUC of 0.958, with a 
sensitivity of 87.5% and specificity of 92.9% 
in identifying TP patients at a cutoff value 
of 4. The MSS approach demonstrated su-
perior diagnostic performance compared to 
individual parameters (Table 2). Misclassifi-
cation occurred in 3 of 30 patients, with one 
PSP case misclassified as TP and two TP cas-
es misclassified as PSP. Table 3 provides the 
values of MRI parameters that significantly 
differed between PSP and TP groups, along 
with their corresponding scores for all pa-
tients. Additionally, comparisons between the 
AUC of MSS and individual MRI parameters  
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revealed that MSS significantly outperformed 
nMTT (P-value=0.015), nD (P-value=0.007), 
nD* (P=0.014), and nADC (P=0.006). How-
ever, its AUC did not differ significantly from 
nCBV (P=0.074), nCBF (P=0.09), or nCho/Cr 
(P=0.074).

Discussion
Although pathological sampling remains the 

gold standard for differentiating PSP from true 
progression TP in high-grade glioma, its inva-
siveness and potential for sampling error limit 
its widespread applicability [18]. As a result, 
follow-up conventional MRI is more com-
monly employed. However, conventional MRI 
lacks sufficient specificity to reliably distin-
guish between PSP and TP, as both conditions 
can exhibit overlapping imaging features, in-

cluding mass effect, perilesional edema, and 
contrast enhancement, due to blood-brain bar-
rier disruption [5]. To overcome these limita-
tions, many studies have proposed that inte-
grating multiple advanced MRI techniques 
within a multiparametric imaging protocol 
could help by providing complementary infor-
mation for lesion characterization [9].

In this study, we employed a multiparamet-
ric MRI approach incorporating DSC MRI, 
IVIM MRI, and MRS. Following image ac-
quisition, MRI parameters were extracted for 
each technique, and their mean values within 
a VOI delineated on the enhancing region of 
contrast-enhanced T1-weighted images were 
compared between the PSP and TP groups. 
Statistically significant parameters were iden-
tified and subsequently integrated using the 

Figure 2: Boxplots illustrating the distribution of MRI parameters that showed significant differ-
ences between PSP and TP groups. The parameters include nCBV [mL/100g], nCBF [mL/100g/
min], nMTT [1/sec] from DSC MRI, nD [10−3 mm2/s], nD* [10−3 mm2/s], nADC [10−3 mm2/s] 
from IVIM MRI, and the normalized nCho/Cr from SV-MRS. Green and red boxes represent the 
PSP and TP groups, respectively. In each boxplot, the horizontal line within the box denotes the 
median, while the cross symbol represents the mean. The whiskers indicate the range of the 
data, highlighting the variation in each parameter between the two groups. (MRI: Magnetic 
Resonance Imaging, PSP: Pseudoprogression, TP: True Progression, nCBV: normalized Cerebral 
Blood Volume, nCBF: normalized Cerebral Blood Flow, nMTT: normalized Mean Transit Time, 
DSC: Dynamic Susceptibility Contrast, nD: normalized True Diffusion Coefficient, nADC: normal-
ized Apparent Diffusion Coefficient, nD*: normalized Pseudo-Diffusion Coefficient, IVIM: Intra-
voxel Incoherent Motion, nCho/Cr: normalized Choline to Creatine ratio, SV-MRS: Single Voxel 
Magnetic Resonance Spectroscopy.)
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Figure 3: ROC curves for PSP from TP using different MRI parameters and the MSS. The ROC 
curves are shown for MSS, nCBV, nCBF, nMTT, nD, nD*, nADC, and the nCho/Cr. The Y-axis rep-
resents Sensitivity, while the X-axis represents 1-Specificity. The diagonal gray line represents 
reference line for the ROC curve (AUC=0.5). (ROC: Receiver operating characteristic, AUC: Area 
Under the Curve, PSP: Pseudoprogression, TP: True Progression, MSS: Multiparametric Scor-
ing System, nCBF: normalized Cerebral Blood Flow, nCBV: normalized Cerebral Blood Volume, 
nCho/Cr: normalized Choline to Creatine ratio, nD: normalized True Diffusion Coefficient, nMTT: 
normalized Mean Transit Time, nADC: normalized Apparent Diffusion Coefficient, nD*: normal-
ized Pseudo-Diffusion Coefficient.)

nCBV nCBF nMTT nD nD* nADC nCho/Cr MSS
Sensitivity 81.3% 62.5% 87.5% 87.5% 56.3% 68.8% 81.3% 87.5%
Specificity 78.6% 100% 71.4% 64.3% 92.9% 78.6% 78.6% 92.9%
Accuracy 80% 80% 80% 76.7% 73.3% 73.3% 80% 90.0%

PPV 81.3% 100% 77.8% 73.7% 90% 78.6% 81.3% 93.3%
NPV 78.6% 70% 83.3% 81.8% 65% 68.8% 78.6% 86.7%

AUC (95% CI)
0.853 

(0.72-0.99)
0.857  

(0.73-0.99)
0.746 

(0.56-0.93)
0.781  

(0.61-0.95)
0.692 

(0.49-0.89)
0.741  

(0.55-0.93)
0.817  

(0.66-0.97)
0.958  

(0.89-1.00)
MRI: Magnetic Resonance Imaging, MSS: Multiparametric Scoring System, PSP: Pseudoprogression, TP: True Progression,  
PPV: Positive Predictive Value, NPV: Negative Predictive Value, AUC: Area Under the Curve, nCBV: normalized Cerebral Blood 
Volume, nCBF: normalized Cerebral Blood Flow, nMTT: normalized Mean Transit Time, nD: normalized True Diffusion Coef-
ficient, nD*: normalized Pseudo-Diffusion Coefficient, nADC: normalized Apparent Diffusion Coefficient, nCho/Cr: normalized 
Choline to Creatine ratio, CI: Confidence Intervals

Table 2: Diagnostic performance of individual MRI parameters and the MSS for distinguishing 
PSP from TP. The table presents Sensitivity, Specificity, Accuracy, PPV, NPV, and the AUC for each 
parameter, including mean nCBV, nCBF, nMTT, nD, nD*, nADC, and median nCho/Cr. MSS, which 
integrates multiple parameters, demonstrates the highest overall diagnostic performance. 
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ID Label

nCBV-
(score), 
cutoff 
=1.21

nCBF-
(score), 
cutoff 
=1.28

nMTT-
(score), 
cutoff 
=5.71 

nD-
(score), 
cutoff 
=2.52

nD*-
(score), 
cutoff 
=1.21

nADC-
(score), 
cutoff 
=2.38

nCho/Cr-
(score), 
cutoff 
=1.32

Sum 
Score, 
cutoff 

=4

Categorized 
based on the 

Sum Score from 
the MSS

1 PSP 0.55-(0) 0.51-(0) 4.65-(0) 2.37-(1) 0.67-(0) 2.45-(0) 1.24-(0) 1 PSP

2 PSP 0.80-(0) 0.69-(0) 7.09-(1) 2.64-(0) 0.89-(0) 2.45-(0) 1.35-(1) 2 PSP

3 PSP 0.80-(0) 0.82-(0) 4.89-(0) 3.37-(0) 0.70-(0) 3.24-(0) 1.04-(0) 0 PSP

4 PSP 1.21-(0) 1.13-(0) 5.96-(1) 1.73-(1) 0.98-(0) 1.72-(1) 1.32-(0) 3 PSP
5 PSP 1.33-(1) 1.26-(0) 5.48-(0) 2.60-(0) 0.95-(0) 2.82-(0) 0.98-(0) 1 PSP

6 PSP 0.57-(0) 0.49-(0) 5.13-(0) 2.12-(1) 1.21-(0) 1.95-(1) 0.95-(0) 2 PSP

7 PSP 0.44-(0) 0.41-(0) 4.27-(0) 3.42-(0) 0.91-(0) 3.22-(0) 2.18-(1) 1 PSP

8 PSP 0.60-(0) 0.45-(0) 3.63-(0) 3.28-(0) 1.71-(1) 3.09-(0) 1.18-(0) 1 PSP

9 PSP 0.88-(0) 0.78-(0) 5.52-(0) 2.25-(1) 0.96-(0) 2.43-(0) 1.22-(0) 1 PSP

10 PSP 1.20-(0) 1.08-(0) 5.68-(0) 2.70-(0) 0.63-(0) 2.74-(0) 1.04-(0) 0 PSP

11 PSP 1.48-(1) 1.22-(0) 9.10-(1) 2.59-(0) 0.63-(0) 2.59-(0) 1.10-(0) 2 PSP

12 PSP 1.21-(0) 0.79-(0) 5.41-(0) 2.79-(0) 0.90-(0) 2.65-(0) 1.16-(0) 0 PSP

13 PSP 1.36-(1) 1.21-(0) 7.45-(1) 1.24-(1) 1.02-(0) 1.27-(1) 1.49-(1) 5 TP

14 PSP 0.21-(0) 0.19-(0) 1.41-(0) 3.15-(0) 0.70-(0) 3.20-(0) 1.18-(0) 0 PSP

15 TP 1.70-(1) 1.68-(1) 4.75-(0) 1.23-(1) 0.37-(0) 1.24-(1) 1.87-(1) 5 TP

16 TP 1.43-(1) 1.34-(1) 7.33-(1) 1.49-(1) 1.23-(1) 1.42-(1) 1.20-(0) 6 TP

17 TP 1.45-(1) 1.36-(1) 7.14-(1) 2.04-(1) 1.17-(0) 2.13-(1) 1.11-(0) 5 TP

18 TP 1.35-(1) 1.30-(1) 5.76-(1) 2.33-(1) 0.59-(0) 2.33-(1) 2.18-(1) 6 TP

19 TP 2.23-(1) 1.83-(1) 8.93-(1) 1.73-(1) 2.75-(1) 1.66-(1) 2.87-(1) 7 TP

20 TP 0.91-(0) 0.83-(0) 5.74-(1) 2.76-(0) 1.00-(0) 2.59-(0) 2.95-(1) 2 PSP

21 TP 2.88-(1) 2.81-(1) 5.48-(0) 1.71-(1) 2.03-(1) 1.80-(1) 2.66-(1) 6 TP

22 TP 1.50-(1) 1.34-(1) 7.23-(1) 1.19-(1) 0.79-(0) 1.34-(1) 1.33-(1) 6 TP

23 TP 1.81-(1) 1.60-(1) 7.08-(1) 2.99-(0) 2.10-(1) 3.27-(0) 1.15-(0) 4 TP

24 TP 0.85-(0) 0.71-(0) 5.94-(1) 2.03-(1) 2.44-(1) 1.97-(1) 1.81-(1) 5 TP

25 TP 1.87-(1) 1.52-(1) 8.36-(1) 1.95-(1) 2.25-(1) 2.04-(1) 1.34-(1) 7 TP

26 TP 1.26-(1) 1.16-(0) 5.86-(1) 2.16-(1) 1.37-(1) 2.23-(1) 1.43-(1) 6 TP

27 TP 0.83-(0) 0.59-(0) 8.04-(1) 2.45-(1) 0.56-(0) 2.61-(0) 1.59-(1) 3 PSP

28 TP 1.27-(1) 1.16-(0) 4.98-(0) 2.29-(1) 1.55-(1) 2.62-(0) 1.32-(1) 4 TP

29 TP 1.78-(1) 1.81-(1) 7.50-(1) 1.16-(1) 1.21-(1) 1.12-(1) 1.49-(1) 7 TP

30 TP 1.22-(1) 1.08-(0) 6.89-(1) 2.41-(1) 0.76-(0) 2.45-(0) 1.48-(1) 4 TP

MRI: Magnetic Resonance Imaging, MSS: Multiparametric Scoring System, nCBV: normalized Cerebral Blood Volume, nCBF: 
normalized Cerebral Blood Flow, nMTT: normalized Mean Transit Time, nD: normalized True Diffusion Coefficient, nD*: nor-
malized Pseudo-Diffusion Coefficient, nADC: normalized Apparent Diffusion Coefficient, nCho/Cr: normalized Choline to Cre-
atine ratio, ROC: Receiver Operating Characteristic,  ID: Identification Number, PSP: Pseudoprogression, TP: True Progression 

Table 3: MRI parameters involved in MSS approach including nCBV [mL/100g], nCBF [mL/100g/min], nMTT 
[1/sec], nD [10−3 mm2/s], nD* [10−3 mm2/s], nADC [10−3 mm2/s], and the nCho/Cr. Each parameter's score 
was determined based on whether it met the cutoff value. The sum score for each patient is calculated by 
adding the MRI parameters score in each row. Labels in the first column served as the reference method for 
patient categorization. The last column presents patient categorization based on the sum score obtained 
from the MSS. Patient categorization was determined using a sum score cutoff value of 4, as established by 
ROC analysis of the MSS approach. 
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MSS method.
The main findings of this study indicate that 

the MSS approach effectively integrates mul-
tiple MRI parameters by assigning them an ap-
propriate score of 0 or 1, leveraging their com-
plementary diagnostic value to improve the 
differentiation between PSP and TP in high-
grade glioma patients. As presented in Table 2, 
the MSS achieved a high AUC of 0.958, with a 
sensitivity of 87.5% and specificity of 92.9%, 
resulting in an overall classification accuracy 
of 90%, showing MSS accurately identified 
87.5% of TP cases and 92.9% of PSP cases 
in this study. Overall, MSS correctly classified 
27 out of 30 patients based on the reference 
standard used. This accuracy surpasses that of 
any individual MRI parameter included in the 
analysis.

The MSS has the potential to provide a more 
comprehensive view of the underlying disease 
process. Individual MRI parameters, such as 
nCBV or ADC, capture specific physiologi-
cal or structural features, such as vascular-
ity or cellular density. However, these single 
metrics may not fully reflect the multifaceted 
nature of PSP and TP, where overlapping or 
complementary changes in perfusion, micro-
structure, and metabolism often coexist. MSS 
could overcome this limitation by aggregating 
scores across multiple parameters. In addi-
tion to a comprehensive assessment, MSS en-
hances diagnostic reliability by addressing the 
inherent variability of individual MRI param-
eters. Each parameter is susceptible to techni-
cal or biological fluctuations, which can lead 
to inconsistent or unreliable classifications 
when used alone. By summing scores across 
multiple parameters, MSS effectively aver-
ages out these inconsistencies, resulting in a 
reliable diagnostic framework. Therefore, in 
cases where individual parameters yield am-
biguous or conflicting results, the composite 
nature of MSS allows it to refine classifica-
tions by leveraging the collective strength of 
multiple signals.

Our results align with previous studies that 

have shown multiparametric MRI improves 
differentiation between treatment-related  
effects and true progression. A study by Shan 
et al. utilized logistic regression to combine 
parameters from IVIM and DSC MRI to dif-
ferentiate tumor recurrence from radiation 
brain injury [19]. The combination of MRI pa-
rameters resulted in an increased AUC (0.891) 
compared to individual parameters from DSC 
and IVIM MRI. Jajodia et al. explored the use 
of perfusion and diffusion MRI parameters to 
distinguish radiation-induced necrosis from 
tumor recurrence in GBM patients. Their lo-
gistic regression analysis revealed that a com-
bination of rCBV and ADC provided superior 
diagnostic accuracy (AUC=0.93) compared to 
using either parameter alone [20]. Di Costanzo 
et al. explored the effectiveness of a multipa-
rametric 3T MRI approach to differentiate be-
tween recurrent glioblastoma multiforme and 
radiation injury, incorporating MRS, diffusion 
weighted MRI (DWI), and DSC MRI. Their 
study demonstrated that combining metabolite 
ratios from MRS, ADC from DWI, and rCBV 
from DSC MRI through discriminant analysis 
significantly enhanced diagnostic accuracy, 
achieving a classification accuracy of 96.6% 
[21].

While many studies in this field have utilized 
logistic regression to combine multiple MRI 
parameters [19, 22, 23], the MSS achieved a 
level of diagnostic accuracy comparable to 
these more complex approaches, albeit with 
a simpler and more direct method. An addi-
tional advantage of the MSS approach lies in 
its ability to generate a final cutoff value that 
considers all significant MRI parameters si-
multaneously, providing a tangible and easily 
interpretable threshold for clinical decision-
making. This feature enhances the method’s 
utility in clinical practice, as it provides a 
clear threshold for distinguishing between  
conditions, a feature not inherently avail-
able when employing methods like logistic  
regression.

The integration of MRI parameters into a 

mp-MRI Scoring for PSP vs. TP in HGG
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scoring system has garnered attention in recent 
studies [24, 25]. Accordingly, several studies 
have developed specific scoring systems to 
address various challenges [26-28]. For in-
stance, Hosur et al. proposed a multiparamet-
ric MRI-based scoring system to predict Iso-
citrate Dehydrogenase (IDH) mutation status 
[26], while Kang et al. introduced a stream-
lined MRI-based scoring system for predict-
ing both IDH mutation and 1p/19q codeletion 
in contrast-enhancing gliomas [27]. Addition-
ally, Kanazawa et al. established an imaging 
scoring system for the preoperative diagnosis 
of essential molecular markers in lower-grade 
gliomas [28]. Collectively, these studies high-
lighted the growing versatility and potential of 
imaging-based scoring systems in enhancing 
clinical decision-making across diverse sce-
narios. In line with these findings, MSS has 
been successfully applied to evaluate Parkin-
son's disease [29, 30], assess peritumoral brain 
swelling in meningiomas [31], and distinguish 
dementia with Lewy bodies from Alzheimer's 
disease [32], further showcasing its versatility.

The evaluation of individual MRI param-
eters revealed significantly elevated nCBV, 
nCBF, nMTT, nD*, and normalized Cho/Cr, 
as well as decreased nD and nADC in the TP 
group compared to the PSP group, which is 
in line with previous studies [19-21]. More-
over, DSC MRI showed the highest diagnos-
tic performance, followed by MRS and IVIM 
MRI (Table 2). This result is consistent with  
previous studies that have demonstrated 
the superiority of DSC MRI over MRS and 
DWI techniques in distinguishing PSP from 
TP [21, 23]. However, other studies have  
reported conflicting findings, suggesting 
that MRS outperforms both DSC and diffu-
sion MRI in differentiating PSP from TP [33, 
34]. The observed differences may be attrib-
uted to using single-voxel MRS. A key fac-
tor influencing this choice was the frequent 
presence of altered brain morphology in our 
patient cohort due to prior surgery and radio-
therapy. This structural distortion, particularly 

around the enhanced region, often led to sig-
nificant magnetic field inhomogeneities and  
susceptibility artifacts, which can degrade the 
spectrum quality in MRS. To address this chal-
lenge, SV-MRS was selected for its flexibility 
in voxel placement, enabling more precise 
positioning in areas with better field homo-
geneity. However, using SV-MRS may have 
reduced sensitivity to metabolic heterogeneity 
compared to multi-voxel approaches used in 
other studies. Accordingly, the superior diag-
nostic performance reported by El-Abtah et al. 
[33] and Jena et al. [34] may be attributed to 
their use of multi-voxel MRS, which provides 
spatially resolved metabolic data and better 
captures metabolic heterogeneity.

Although consistent with previous studies, 
where the perfusion fraction (f) parameter was 
higher in the TP group than in the PSP group, it 
did not show a significant difference between 
the two groups in our study. This discrepancy 
may be attributed to several factors, influenc-
ing IVIM parameter estimation, including the 
choice of b-values, signal-to-noise ratio, and 
fitting methods. Additionally, f represents a 
relatively small component of the IVIM sig-
nal, typically less than 5% in brain tissue [17], 
making it more susceptible to noise and mea-
surement variability compared to D or D* 
[35]. Another important distinction is that we 
computed the normalized f value, while previ-
ous studies reported its absolute value. Nor-
malization may have altered the parameter's 
sensitivity to perfusion-related differences 
between PSP and TP, which could explain the 
observed findings.

The present study has several limitations, 
as follows: 1) the relatively small sample size 
may limit the generalizability of our findings, 
as a larger cohort could improve the reliabil-
ity and statistical power of the results and 2) 
the absence of histological confirmation for 
all cases represents a limitation. While patho-
logical sampling remains the gold standard for 
diagnosis, follow-up MRI is widely utilized in 
clinical practice to monitor treatment response 
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Conclusion
The findings of this study underscore the 

effectiveness of integrating multiparametric 
MRI with the MSS approach in differentiat-
ing between pseudoprogression and true pro-
gression in high-grade glioma patients. By 
summing scores across multiple parameters, 
MSS effectively averages out inconsistencies 
among different MRI metrics, ultimately im-
proving patient classification performance. 
While promising, the MSS approach relies on 
binary cutoff values, which may oversimplify 
borderline cases. A weighted scoring system 
could enhance differentiation and classifica-
tion accuracy. Future studies should explore 
optimized parameter weighting to improve the 
MSS approach’s clinical applicability.
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due to the invasive nature of repeat biopsies 
and their associated risks. Additionally, even 
when biopsies are performed, they may fail to 
fully capture the spatial heterogeneity of HGG, 
potentially leading to sampling error [36]. No-
tably, in our cohort, the five cases with his-
topathological confirmation were consistent 
with the MRI-based classification, supporting 
the reliability of our approach. Nonetheless, 
future studies involving larger cohorts with 
histopathological confirmation would further 
enhance the robustness of these findings.

A third limitation stems from the Echo-Pla-
nar Imaging (EPI)-based nature of DSC MRI 
and IVIM MRI sequences, which are par-
ticularly vulnerable to susceptibility artifacts 
caused by magnetic field inhomogeneities. 
This effect is more pronounced in patients 
with enhanced lesions near the skull base or 
paranasal sinuses, potentially leading to image 
distortions [37]. Such distortions may result 
in spatial misalignment between the enhanced 
lesion and the 3D ROI drawn on anatomi-
cal MRI images, thereby affecting parameter 
quantification in IVIM and DSC MRI. To 
mitigate these challenges, selecting hotspot 
ROIs, focusing on the most enhanced regions 
in post-contrast T1-weighted images, may of-
fer advantages over 3D ROIs that encompass 
the entire enhanced lesion, as it reduces the 
impact of susceptibility-induced artifacts on 
the extracted imaging parameters.

Another limitation of our study is that the 
MSS approach assigns equal weights to each 
MRI parameter in the sum score calculation. 
However, prior reviews of multiparametric 
MRI studies and the findings of this study indi-
cate that different MRI parameters contribute 
variably to diagnostic performance. Therefore, 
assigning optimized weights to parameters 
derived from different advanced MRI tech-
niques could potentially enhance classification  
accuracy. Future studies should explore 
weighted scoring systems to refine the MSS 
approach further and improve its clinical  
applicability.
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